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Abstract
In this paper we present techniques aimed
at detecting, within scientific papers which
describe newly discovered protein interac-
tions, the methods used by the authors of
the research to experimentally verify the in-
teraction(s).
We compare previous results over the
BioCreAtIvE data set with more recent re-
sults over a larger data set, using INTACT
annotations as gold standard. This compar-
ison shows the generality of the proposed
approach and suggests that practical appli-
cation of these techniques within a curation
environment might not be that far away.
1 Introduction
Protein interactions play fundamental roles in bi-
ological processes (e.g. signal transduction). Bi-
ologists routinely perform experiments in order to
detect or confirm protein interactions. In doing
so, they use a variety of experimental methods.
Databases such as INTACT (Kerrien et al.,
2006) or MINT (Zanzoni et al., 2002) aim at col-
lecting the known interactions from the literature.
The process of extracting selected items of infor-
mation from the published literature in order to
store such items in databases is known as “cura-
tion”. This is a costly and time-consuming pro-
cess, which still requires a significant amount of
human resources to be performed effectively.
Tools that can support the process of curation
would be extremely welcome by the community.
Such tools should be capable of detecting within
the papers, with high reliability, all the infor-
mation that the curators need to create database
records.
∗Corresponding author
Repositories of protein interactions, such as
INTACT and MINT, store, together with each in-
teraction, a reference to the experimental method
that was used to detect it, because this informa-
tion is highly relevant to researchers. Therefore,
not only the protein interactions, but also the ex-
perimental methods, need to be identified.
There is a limited number of available experi-
mental methods for the detection of protein inter-
actions, which are all described within the PSI-
MI taxonomy (Hermjakob et al., 2004), in par-
ticular under node MI:0001 (interaction detection
method). Each method is provided with a unique
numerical identifier, a standard name, a definition
and a list of synonyms.1
In order to stimulate research aimed at develop-
ing tools that support the extraction of critical in-
formation from the literature, the recent BioCre-
AtIvE text mining competition set up a number
of tasks which partially simulate the process of
curation. In particular the Protein-Protein Inter-
action task (PPI) was organized in four subtasks
(Krallinger et al., 2008): PPI-IAS (identifica-
tion of abstracts which contains curatable protein-
protein interactions), PPI-IPS (identification of
protein-protein interactions in abstracts), PPI-ISS
(identification of sentences which provide evi-
dence for protein-protein interactions), PPI-IMS
(identification of the experimental method by
means of which the interaction was verified). Our
own participation to BioCreAtIvE focused on the
IPS and IMS subtasks (Rinaldi et al., 2008).
In this paper we describe recent experiments
aimed at testing the coverage of the IMS detec-
tion approach across a larger set of articles.
1For the experiments described in this paper we used ver-
sion 2.5 of PSI-MI.
MI:0096 (pull down) 20.6%
MI:0007 (anti tag coip) 13.1%
MI:0018 (two hybrid) 12.7%
MI:0006 (anti bait coip) 12.1%
MI:0019 (coip) 8.8%
total 67.3 %
Table 1: The ’Big5’: most frequently occurring meth-
ods in the BioCreAtIvE training data
2 Detection of Experimental Methods
In the original BioCreAtIvE setting, the organiz-
ers asked the participants to deliver the methods
coupled with the interactions to which they ap-
ply. Due to the intrinsic difficulty of the problem,
coupled with the difficulty of finding the interac-
tions, the task was later relaxed, and the partici-
pants were asked to deliver a set of experimental
methods employed in the article.
The approach we used in BioCreAtIvE for the
detection of the experimental methods is based on
pattern matching supplemented by simple statis-
tics. As it would have been impossible to man-
ually develop search patterns for all 155 meth-
ods in PSI-MI, we first observed the distribution
of methods in the training data. The 5 most fre-
quently used methods alone form 67.3% of the
unique pairs of methods and articles (see table 1).
So we decided to focus on these methods for
handcrafted patterns, informed by biological in-
sights, and derive the rest of the patterns automat-
ically from PSI-MI by the following process: (A)
extraction of names and synonyms from PSI-MI,
(B) derivation of patterns by automatic generation
of variants by inclusion/deletion of spaces, tabs,
newlines, returns, hyphens, etc. and allowing free
variation of uppercase and lowercase.
As expected, the results of these automat-
ically generated patterns were bad, especially
for precision. Therefore, handcrafted patterns
for the most frequent methods2 were developed
by our team’s computational linguist and biolo-
gist in an iterative process of identifying unde-
tected articles (false negatives), manually find-
ing hints for methods, constructing patterns, and
testing them. This process was most success-
ful for MI:0007 (anti tag coimmunoprecipitation),
2The five methods in table 1 plus MI:0428 (imaging tech-
niques), because of low recall of the automatically generated
patterns, and MI:0401 (biochemical), because of low preci-
sion.
Run R P F
run 1 29.4% 65.4% 40.6%
run 2 56.8% 43.5% 49.3%
run 3 53.9% 51.3% 52.6%
run 1 20.02% 66.79% 30.81%
run 2 43.02% 40.34% 41.64%
run 3 40.96% 49.65% 44.89%
Table 2: Above: our best results over BioCreAtIvE
training data. Below: our official results over BioCre-
AtIvE test data3
MI:0006 (anti bait coimmunoprecipitation), and
MI:0019 (coimmunoprecipitation). As the au-
tomatically generated patterns for MI:0096 (pull
down) and MI:0018 (two hybrid) were already
quite good, the handcrafted patterns did not per-
form much better. The approach leads to good
recall but low precision (R=73.4%, P=24.3%,
F=36.5%), over all file-method-pairs in the train-
ing data.
As an example of a handcrafted pattern, con-
sider the method MI:0428, which is named
“imaging techniques” in PSI-MI 2.5. This name
is not actually used by authors, however strings
beginning with “colocaliz” or “colocalis” (allow-
ing hyphens and spaces within the string) are a
very good indicator for this method.4
At this point, rather than focusing on improv-
ing the patterns, it was decided to consider the
results obtained (methods for a given file) as a set
of candidates, which could be filtered with sta-
tistical means.5 A reduction from about 6.8 can-
didate methods (per file) to about 2.2 (as in the
training data) seemed most promising. For this re-
duction, an empirically derived formula connect-
ing the frequency of the method in the data and
the quality of our patterns for this method was
3The results were evaluated by the organizers accord-
ing to different criteria. We have chosen here the evalua-
tion which corresponds to the approach used to compute the
results presented in this paper (aiming at maximizing the F-
score)
4This pattern could actually be derived from the names
of several obsolete precursors (MI:0021, MI:0022, MI:0023)
for MI:0428.
5Actually the main reason for this is the conceptual
difference between “finding every mention of a method”
(which our patterns already did with good precision) and
finding all interaction detection methods in a file i. e. iden-
tifying the methods used by the authors to detect protein-
protein interactions. The statistics are a simple way to give
more importance to methods which are unlikely to be just
mentioned without a connection to the detected interactions.
INTACT BCMS OWN Journal
615 5958 5513 The Journal of biological chem.
280 583 0 Cell
170 1142 910 PNAS
147 1290 931 Molecular and cellular biology
143 1048 804 The EMBO journal
143 572 0 Nature
88 437 0 Science
87 626 0 Biochem. and biophys. res.com.
86 298 0 Molecular cell
75 359 0 Genes & development
58 432 102 Biochemistry
56 527 375 Oncogene
55 261 0 Journal of molecular biology
54 526 445 The Journal of cell biology
... ... 0 ...
3260 22804 9080 Total
Table 3: Journal frequencies in INTACT, BCMS and
our own dataset
used. For each method M we compute the fol-
lowing weight:
wM = fM ∗ p
2
M
r2M
where fM is the relative frequency of method
M, while pM and rM are precision and recall of
all patterns for method M.
The candidate methods were ranked according
to their weights. We submitted 3 official runs
(where the results of IMS were coupled with the
results of IPS) and 3 non-official runs (where the
results of IMS were not coupled with the results
of IPS). Of these runs, run 1 was maximizing pre-
cision (by giving only the best candidate and so
hurting recall for all papers containing more than
one method), run 2 was maximizing recall (giv-
ing the three best candidates, so hurting precision
for all papers containing one or two methods) and
run 3 was maximizing F-score (additional condi-
tion that candidates 2 and 3 reached a minimum
in frequency and precision). Our best results for
the training data and the official runs for the test
data of BioCreAtIvE are shown in table 2.
One of the possible criticism to our approach
is that the usage of methods might be time-
dependent. In other words, it is reasonable to as-
sume that some methods might be frequently used
in some periods and then might go ‘out of fash-
ion’, perhaps because newer and better methods
take their place.
3 Evaluation
After the end of BioCreAtIvE the organizers de-
cided to set up a publicly accessible service to
give access to some of the systems which per-
formed best in the competition. This work re-
Interactions Methods %
38220 MI:0018 (two hybrid) 25.5
29268 MI:0676 (tap) 19.8
21205 MI:0096 (pull down) 14.4
20509 MI:0397 (two hybrid array) 13.5
12998 MI:0398 (two hybrid pooling) 8.8
11332 MI:0006 (anti bait coip) 7.7
9473 MI:0007 (anti tag coip) 6.4
6331 MI:0399 (2h fragment pooling) 4.3
6089 MI:0363 (inferred by author) 4.1
1842 MI:0004 (affinity chrom) 1.2
... ... ...
147584 total 100%
Table 4: Distribution of methods per interaction in IN-
TACT
Papers Methods %
1121 MI:0018 (two hybrid) 34.4
1066 MI:0096 (pull down) 32.7
840 MI:0007 (anti tag coip) 25.8
761 MI:0006 (anti bait coip) 23.4
574 MI:0114 (x-ray diffraction) 17.6
287 MI:0019 (coip) 8.8
251 MI:0416 (fluorescence imaging) 7.7
123 MI:0663 (confocal microscopy) 3.8
120 MI:0424 (protein kinase assay) 3.7
115 MI:0071 (molecular sieving) 3.5
111 MI:0004 (affinity chrom) 3.4
82 MI:0676 (tap) 2.5
... ... ...
3259 total -
Table 5: Distribution of methods per paper in INTACT6
sulted in a meta-server (Leitner et al., 2008),
which receives a request from a remote user (ei-
ther via web interface or via XML-RPC) and
forwards the request (via XML-RPC) to specific
servers maintained by the participants. The ser-
vices currently offered by the meta-server are
Gene Mention, Gene Normalization, Interaction
Article and Taxon Classification. The organiz-
ers defined a list of 22804 PubMed papers to be
analyzed by each server (which we will call the
BCMS dataset).
Our initial aim was to offer our IMS tools as
an additional service to be integrated in the meta-
server, so we started from the BCMS list of ar-
ticles.We also wanted to be able to test our re-
sults against already annotated articles at INTACT
(which we will call the INTACT dataset).
The first problem to deal with is that of the
format of the input data. Our approach requires
the availability of a full-document plain text ver-
sion of the original article. Initially, we consid-
ered using only articles available in PubMed Cen-
tral, given the standardized XML format which
6Notice that one paper can contain multiple methods, so
the sum of all values in this table is larger than 100%.
Year INTACT INTACT/BCMS %
1978 1 0 0%
1980 1 0 0%
1987 1 0 0%
1988 4 0 0%
1989 1 0 0%
1990 2 0 0%
1991 2 0 0%
1992 2 0 0%
1993 14 0 0%
1994 21 0 0%
1995 38 4 10.5%
1996 61 11 18.0%
1997 96 25 26.0%
1998 144 33 22.9%
1999 182 54 29.7%
2000 242 58 24.0%
2001 268 67 25.0%
2002 320 80 25.0%
2003 360 64 17.7%
2004 461 66 14.3%
2005 304 50 16.4%
2006 418 131 31.3%
2007 255 6 2.4%
2008 55 0 0%
Table 6: Distribution of INTACT-curated papers per
year, and their proportion in the INTACT/BCMS
dataset
would definitely simplify conversion to plain text.
Unfortunately BCMS has a low overlap with
PubMed Central (only 35 articles).
Therefore we decided to implement our own
dedicated HTML to text converters for the most
frequent journals in BCMS.7 We focused on jour-
nals which appear to have a reasonably standard
HTML structure for the articles, and which were
easily obtainable from our library service, obtain-
ing a total of 9080 converted articles. Table 3
shows the most frequent journals in INTACT and
BCMS, and for each of them the number of arti-
cles that we converted (‘OWN’). Among the con-
verted articles, 649 are also present in the INTACT
set (as of May 31st, 2008). This is the dataset
upon which we base our experiments (which in
the rest of this paper will be referred to as the IN-
TACT/BCMS dataset).
In INTACT every protein interaction is asso-
ciated with the papers where it is discussed and
with the experimental method that was used to de-
tect it. Table 4 reports the most frequently used
methods based on the number of interactions that
they are associated with. However, there are some
methods which, although used very rarely, can de-
7Although a generic HTML to text converter could have
been used for the application that we describe in this paper,
our aim is not only to extract the experimental methods, but
also the protein interactions, using a full NLP approach, for
which we need a much better conversion.
Year P (%) R (%) F (%) Big5 (%)
1995 50 66.7 57.2 71
1996 46.9 71.4 56.6 70
1997 47.9 55.7 51.5 68
1998 41.1 55.7 47.3 68
1999 44.9 58.3 50.7 65
2000 47.6 59.6 52.9 69
2001 42.5 58.6 49.3 65
2002 44.2 53.1 48.2 64
2003 44.9 51.6 48.0 62
2004 39.4 48.1 43.3 59
2005 35.7 45.9 40.2 63
2006 33.2 41.6 36.9 60
2007 44.4 61.5 51.6 60
Total 41.2 51.7 45.9 64
Table 7: Performance over INTACT/BCMS data dis-
tributed per year of publication. The last column
shows the frequency of the ’Big5’ experimental meth-
ods per year.
liver a large number of interactions. One example
is MI:0676 (tap), which is used in only 82 papers.
In one of them alone (pubmed:16429126) it is as-
sociated with 21574 interactions!
Table 5 shows the methods most frequently
used, counting only once a method occurring
multiple times in the same paper. As our approach
delivers the methods per paper (rather than per in-
teraction), these numbers are a more useful guide-
line to the relative importance of each method.
Using metadata from the corresponding
PubMed entry, we get the year of publication
of each INTACT paper. Using that information,
we can verify how much the methods depend
on the year of publication of the paper. Table 6
shows the distribution of INTACT papers by
year of publication, and their proportion in our
INTACT/BCMS dataset. Despite the relatively
recent start of INTACT (2003), the coverage is
reasonably good for the years 1997-2007.
Table 7 shows the results of applying the IMS
system, as described in the previous section, to
the INTACT/BCMS dataset. All tests have been
performed using the modality ‘max F-score’ of
the IMS tools, and the results apply to the asso-
ciation article/method (we do not consider yet the
association of methods with specific protein in-
teractions). The data provides a sufficiently large
time-window, with good distribution for most of
the years of observations (with the exceptions
of 1995, 2007 and possibly 1996). The results
are comparable to those obtained in BioCreAtIvE
(both training and test), which are shown in Ta-
ble 2.
Surprisingly, the value of precision is always
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Figure 1: Trends for methods in INTACT
lower than recall, which was not expected (in or-
der to maximize the F-score, P and R should be
almost equal). This might be caused by the fact
that the articles with only one method are more
frequent in INTACT (43.2%) than in BioCreAtIvE
(34%). There appears to be a decreasing trend
in the years 2004 to 2006 (2007 is too small to
be representative), which could be caused by the
emergence of new experimental methods and re-
duced usage of methods that were popular in pre-
vious years. However, whether this effect is due
to a genuine ‘aging’ of experimental methods, or
it is simply due to the selection of articles by IN-
TACT curators, cannot be said on the basis of the
available data.
The last column of table 7 shows that the fre-
quency of the Big5 methods declines only slowly,
and figure 1 demonstrates that emerging meth-
ods, such as MI:0114 (x-ray diffraction), MI:0416
(fluorescence imaging) and MI:0424 (protein ki-
nase assay), take more importance even more hes-
itantly. Table 7 on the whole confirms that the ap-
proach as such seems not endangered by sudden
‘revolutions’ in the use of experimental methods
and a gradual erosion of our results can be con-
trasted by a periodic reassessment of methods for
which handcrafted patterns have to be developed.
4 Discussion
Given the limited set of documents used in our
experiments, it is important to ask the question
whether the results are sufficiently representative.
Since our approach is based upon patterns, each
of which is designed to recognize lexical hints to
a given experimental method, it is obvious that the
approach can be successful only as long as there
is no large variation in the relative frequency of
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Figure 2: Trends for methods in INTACT/BCMS
methods used in a given set of papers.
4.1 Trends
We have therefore observed the distribution and
historical trends of methods in the whole INTACT
dataset and compared it with the distribution and
historical trends in our own dataset (see figures 1
and 2). Among the 10 most frequently used meth-
ods, the number of them shared in both sets is be-
tween 6 and 8 for each year. The most frequent
methods are the same as in the BioCreAtIvE train-
ing data (see table 1). The proportion of these five
methods in the INTACT data, distributed per year,
is shown in the last column of table 7.
Tables 10 and 11 illustrate the performance
of our search patterns for specific methods over
the INTACT/BCMS dataset. Of these, the first 5
methods are searched for by handcrafted patterns,
the following methods by automatically derived
patterns. The disappearance of MI:0019 (coim-
munoprecipitation) over time can at least partially
be explained by the increase in the use of MI:0007
(anti tag coip) and MI:0006 (anti bait coip). As
these are hyponyms of MI:0019, the process we
observe may not be an evolution of different sci-
entific practices but actually a semantic process:
an increasing preference for the use of a more
specific term, be it by the authors of the papers
themselves or by curators of INTACT. The iden-
tification of ‘challengers’, i.e. new methods in-
creasing in use (per paper), and so probably de-
serving handcrafted search patterns, is rather dif-
ficult. The most obvious candidate is method
MI:0114 (x-ray crystallography), for which the
automatically derived pattern does already per-
form very well, but MI:0416 (fluorescence mi-
croscopy) and MI:0424 (protein kinase assay) for
Methods Papers %
1 1408 43.2%
2 928 28.5%
3 567 17.4%
4 255 7.8%
5 81 2.5%
6 17 0.5%
7 4 0.1%
Table 8: Number of distinct methods per paper in IN-
TACT
which the performance of the automatically de-
rived patterns is very weak are very promising
candidates (see table 11). On a lower level, meth-
ods such as MI:0004 (affinity chromatography
technology), MI:0047 (far westernblotting) and
MI:0071 (molecular sieving) seem to be the most
interesting candidates, and the very weak perfor-
mance for MI:0004 could certainly profit very
much from a handcrafted search pattern.
4.2 Independence INTACT/ BioCreative
Since the original program was developed using
the BioCreAtIvE training data, it is important to
verify that the data on which we are testing do
not have a major overlap with BioCreAtIvE train-
ing data. Among the whole ‘INTACT/BCMS’
articles, 453 are not in the BioCreAtIvE train-
ing data, 196 are (30.2%). Additionally, 521
of the files BioCreAtIvE training data are not in
‘INTACT/BCMS’. The overlap with the BioCre-
AtIvE test set is less relevant, since it was not
used for development of the program, however
we report it here to show the independence of
the two tests. 522 INTACT/BCMS files are not in
BioCreAtIvE-Test, 127 are (19.6%). 231 BioCre-
AtIvE test files are not INTACT files.
4.3 Choosing the number of methods
The selection of the number of methods for each
paper does have an impact on the final results. If
the program is set to deliver always only the best
ranked method, precision will be relatively good,
but recall will be poor. Conversely, if always the 3
best methods are delivered, the opposite will hap-
pen. Table 9 shows the results obtained by the
system if only the 1st best method is delivered,
the 2 best methods, or the 3 best methods (‘real’).
Another way to observe the impact of the se-
lection of the number of methods on the results is
to conduct the following pseudo experiment: sup-
pose we have the perfect ranking algorithm which
delivers for each paper a list of all methods cor-
real pseudo oracle
1 2 3 1 2 3 -
TP 427 705 773 3260 5112 6036 715
FP 222 584 1124 0 1408 3744 642
FN 1069 791 723 3260 1408 484 781
P 65.8 54.7 40.7 100 78.4 61.7 52.7
R 28.5 47.1 51.7 50 78.4 92.6 47.8
F 39.8 56.0 45.6 66.7 78.4 74.1 50.1
Table 9: Comparison of real and simulated experi-
ments
rectly ranked for relevance. If, for all papers, we
always output only the best method, we are never
damaging precision, but we are reducing recall of
all but the 1-method-files. If, instead, we take al-
ways the two best methods, precision will be low-
ered by taking many unnecessary ‘second best’
methods, but we increase recall. Finally, if we de-
cide to assign to all papers the three best methods,
precision will be much lower and recall will keep
improving. Using the data gathered directly from
INTACT we can compute the results, which are
also presented in table 9 (’pseudo’).
Finally, we can consider the following experi-
ment. Suppose we have an “oracle” which tells
us reliably how many methods we should deliver
for each paper, how good would be our results?
This is a rather realistic scenario, since ideally
the method detection program would be coupled
with an interaction detection program,6 therefore
knowing how many methods are needed. Al-
though we do not have at the moment a program
capable of predicting how many methods should
be associated to each paper, we can simulate it
with data taken out of INTACT: this will be our
“oracle”. With such an help, we can filter the
results of the method selection and ranking pro-
gram, obtaining the results that are show in the
last column of table 9.
These results show that, although usually our
approach delivers the correct ranking for meth-
ods, there must be some cases where a correct
method is ranked lower than a wrong method. A
detailed inspection of these results will provide
useful hints for further development.
4.4 Future Directions
The work described in this paper proves that it
is possible, with reasonably simple techniques, to
capture the most relevant methods with high re-
liability. Additional improvements to the system
6We are developing such a program separately, based on
our BioCreAtIvE submission for the PPI-IPS task.
are likely to require complex fine tuning.
As it is impossible to handcraft rules for all the
155 methods, it would be meaningful to inves-
tigate how to improve the existing approach via
machine learning. To this aim, we performed an
experiment with a standard text classifier, using
the methods as categories. Although the results
were rather disappointing, this might have been
due to the poor preparation of the input data. We
intend to further investigate if better preprocess-
ing or the usage of more sophisticated classifiers
might help overcome these limitations.
The usage of other terminologies/ontologies
for the extraction of synonyms (e.g. Mesh) is
hampered by the unclear mapping of the rele-
vant entries into PSI-MI entries. Without such
a mapping, any attempt at using other dictionary
sources would simply increase the level of noise.
Any further evaluation of the results would
need to take into account the limitations of the
gold standard. If the program finds a method,
which has been used by the authors, and it is
prominently mentioned in the paper, but it is not
included in the gold standard (maybe because it
is not directly related to any of the interactions
annotated by INTACT curators), then it gets pe-
nalized (one FP). As an example, in PubMed
16293613 there are several mentions of “x-ray
crystal structure(s)” in connection with the au-
thor’s experiments, one of these mentions is in
the experimental procedures section, which seems
to show that method MI:0114 (x-ray crystallog-
raphy) was used, but this was rated as an FP by
comparison with the INTACT gold standard.
As a service to the community, we plan to make
available the functionality of method identifica-
tion as a web service, possibly integrated into the
BioCreAtIvE meta-server described in (Leitner et
al., 2008). We aim at offering coverage of all
PubMed articles for which the full text is freely
available, focusing in particular on PubMed Cen-
tral.
5 Conclusion
We described a system capable of automatically
extracting experimental methods for detection of
protein interactions from biomedical scientific lit-
erature. Participation to the BioCreAtIvE II eval-
uation has proven the competitiveness of the ap-
proach. In this paper we have proven that the
range of applicability of the system goes well be-
yond the scope of the BioCreAtIvE dataset. Rea-
sonable results have been shown over literature
spanning the last ten years.
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Year tp fn fp P R F
MI:0006 (anti bait coimmunoprecipitation)
1995 1 0 0 100% 100% 100%
1996 2 2 1 66.7% 50% 57.2%
1997 1 2 5 16.7% 33.3% 22.2%
1998 5 5 5 50% 50% 50%
1999 4 9 12 75% 30.8% 43.7%
2000 7 11 12 36.8% 38.9% 37.8%
2001 4 9 9 30.8% 30.8% 30.8%
2002 10 20 8 55.6% 33.3% 41.7%
2003 5 18 7 41.7% 21.7% 28.5%
2004 7 11 13 35% 38.9% 36.8%
2005 2 8 11 15.4% 20% 17.4%
2006 23 33 27 46.0% 41.0% 43.4%
2007 0 2 0 0 0 0
total 71 130 110 39.2% 35.3% 37.1%
MI:0007 (anti tag coimmunoprecipitation)
1995 0 0 1 0 0 0
1996 1 1 2 33.3% 50% 40%
1997 2 6 3 40% 25% 30.8%
1998 3 3 8 27.3% 50% 35.3%
1999 10 5 10 50% 66.7% 57.2%
2000 10 7 5 66.7% 58.8% 62.5%
2001 10 10 7 58.8% 50% 54.0%
2002 12 14 11 52.2% 46.2% 49.0%
2003 13 12 9 59.1% 52.0% 55.3%
2004 13 12 9 59.1% 52.0% 55.3%
2005 8 6 6 57.1% 57.1% 57.1%
2006 27 14 19 58.7% 65.9% 62.1%
2007 3 1 1 75% 75% 75%
total 112 91 91 55.2% 55.2% 55.2%
MI:0018 (two hybrid)
1995 3 0 0 100% 100% 100%
1996 3 1 2 60% 75% 66.7%
1997 15 1 4 78.9% 93.8% 85.7%
1998 13 1 5 72.2% 92.9% 81.3%
1999 27 0 8 77.1% 100% 87.1%
2000 28 0 5 84.8% 100% 91.8%
2001 30 2 9 76.9% 93.8% 84.5%
2002 31 0 13 70.5% 100% 82.7%
2003 23 0 10 69.7% 100% 82.1%
2004 20 0 12 62.5% 100% 76.9%
2005 18 1 7 72% 94.7% 81.8%
2006 20 0 12 62.5% 100% 76.9%
2007 2 0 3 40% 100% 57.1%
total 233 6 90 72.1% 97.5% 82.9%
MI:0019 (coimmunoprecipitation)
1995 2 0 1 66.7% 100% 80.0%
1996 4 0 5 44.4% 100% 61.5%
1997 4 2 12 25% 66.7% 36.4%
1998 2 1 14 12.5% 66.7% 21.1%
1999 8 5 21 27.6% 61.5% 38.1%
2000 6 3 26 18.8% 66.7% 29.3%
2001 6 3 27 18.2% 66.7% 28.6%
2002 6 7 36 14.3% 46.2% 21.8%
2003 7 2 23 23.3% 77.8% 35.9%
2004 2 3 27 6.9% 40% 11.8%
2005 2 3 21 8.7% 40% 14.3%
2006 0 2 69 0% 0% 0%
2007 0 0 4 0% 0% 0%
total 49 31 286 14.6% 61.3% 23.6%
MI:0096 (pull down)
1995 1 1 1 50% 50% 50%
1996 4 1 1 80% 80% 80%
1997 9 2 3 75% 81.8% 78.3%
1998 12 3 3 80% 80% 80%
1999 16 3 7 69.6% 84.2% 76.2%
2000 24 4 5 82.8% 85.7% 83.7%
2001 23 3 12 65.7% 88.5% 75.4%
2002 33 9 6 84.6% 78.6% 81.5%
2003 27 2 5 84.4% 93.1% 88.5%
2004 28 4 6 82.4% 87.5% 84.9%
2005 18 6 2 90% 75% 81.8%
2006 43 9 18 70.5% 82.7% 76.1%
2007 2 0 1 66.7% 100% 80.0%
total 240 47 70 77.4% 83.6% 80.4%
Table 10: Most frequent methods (Big5):
distribution per year
Year tp fn fp P R F
MI:0114 (x-ray crystallography)
1995 0 0 2 0 0 0
1996 1 0 0 100% 100% 100%
1997 0 0 1 0 0 0
1998 3 0 1 75% 100% 85.7%
1999 1 0 1 50% 100% 66.7%
2000 2 1 4 33.3% 66.7% 44.4%
2001 3 1 4 42.9% 75% 54.6%
2002 8 2 4 66.7% 80% 72.7%
2003 6 4 1 85.7% 60% 70.6%
2004 0 1 2 0 0 0
2005 0 1 4 0 0 0
2006 2 3 12 14.3% 40% 21.1%
2007 0 0 0 0 0 0
total 26 13 36 41.9% 66.7% 51.5%
MI:0424 (protein kinase assay)
1995 0 0 0 0 0 0
1996 0 0 0 0 0 0
1997 0 2 0 0 0 0
1998 0 3 0 0 0 0
1999 0 2 1 0 0 0
2000 0 1 1 0 0 0
2001 2 2 0 100% 50% 66.7%
2002 0 2 2 0 0 0
2003 0 4 2 0 0 0
2004 1 4 0 100% 20% 33.3%
2005 0 2 0 0 0 0
2006 0 10 2 0 0 0
2007 1 0 0 100% 100% 100%
total 4 32 8 33.3% 11.1% 16.6%
MI:0004 (affinity chromatography technology)
1995 0 1 0 0 0 0
1996 0 1 0 0 0 0
1997 0 0 0 0 0 0
1998 0 1 1 0 0 0
1999 0 2 0 0 0 0
2000 0 2 0 0 0 0
2001 0 4 1 0 0 0
2002 0 4 1 0 0 0
2003 0 1 0 0 0 0
2004 1 1 2 33.3% 50% 40%
2005 0 4 1 0 0 0
2006 0 4 1 0 0 0
2007 0 0 0 0 0 0
total 1 25 7 12.5% 3.8% 5.8%
MI:0047 (far western blotting)
1995 0 1 0 0 0 0
1996 0 0 0 0 0 0
1997 2 2 0 100% 50% 66.7%
1998 0 4 0 0 0 0
1999 1 2 0 100% 33.3% 50%
2000 0 1 0 0 0 0
2001 1 2 1 50% 33.3% 40%
2002 0 0 0 0 0 0
2003 0 4 0 0 0 0
2004 0 3 0 0 0 0
2005 0 2 0 0 0 0
2006 1 2 0 100% 33.3% 50%
2007 0 0 0 0 0 0
total 5 23 1 83.3% 17.9% 29.5%
MI:0071 (molecular sieving)
1995 0 0 0 0 0 0
1996 0 0 0 0 0 0
1997 0 0 0 0 0 0
1998 0 0 2 0 0 0
1999 0 1 1 0 0 0
2000 0 2 2 0 0 0
2001 1 1 2 33.3% 50% 40%
2002 0 2 2 0 0 0
2003 2 4 3 40% 33.3% 36.3%
2004 2 2 3 40% 50% 44.4%
2005 0 2 4 0 0 0
2006 2 2 7 22.2% 50% 30.7%
2007 0 0 0 0 0 0
total 7 16 26 21.2% 30.4% 25.0%
Table 11: Other important methods:
distribution per year
